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Abstract: This article presents a model of self-improving AI in which improvement could happen on several levels: hardware, learning, code and goals system, each of which has several sublevels. We demonstrate that despite diminishing returns at each level and some intrinsic difficulties of recursive self-improvement—like the intelligence-measuring problem, testing problem, parent-child problem and halting risks—even non-recursive self-improvement could produce a mild form of superintelligence by combining small optimizations on different levels and the power of learning. Based on this, we analyze how self-improvement could happen on different stages of the development of AI, including the stages at which AI is boxed or hiding in the internet.
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Highlights:

· Intelligence is not linear, and thus its improvement is not easy to measure.
· AI may self-improve on many levels, from hardware to learning to changes in the master algorithm.
· Returns from improvement on each level reduce logarithmically but could be multiplicative, with around 30 sublevels.
· There are two styles of self-improvement: evolutionary and revolutionary; AI will prefer evolutionary changes.
· Even without recursive self-improvement, artificial general intelligence may reach at least the level of mild superintelligence.
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The term “self-improving artificial intelligence” (SI-AI) is often used as “magic words” which explain everything, but the concept requires deeper analysis. Bostrom and Yudkowsky wrote that AI could start self-improving after reaching a certain threshold (Bostrom 2014; Yudkowsky 2008a). Beyond this point, AI will start evolving rapidly and it will be impossible for its creators to implement any changes to the AI’s goal system. The AI’s intelligence level will supersede the human level, and if its value system is not aligned with the values of humans, the AI will pose an existential risk. 
Recursive self-improvement is often described as a process similar to the chain reaction in a nuclear weapon, where the rate of fission will grow exponentially provided the coefficient of neutron multiplication is more than 1 (Yudkowsky 2008a). But the nature of self-improving AI is not the same as the nature of the nuclear chain reaction; it is definitely more complex. (Yampolskiy 2015) has reviewed several papers stating that self-improving of AI could meet different obstacles like bugs accumulation. (Sotala 2017a) explored similar problems and stated, "[m]y current conclusion is that although the limits to prediction are real, it seems like AI could still substantially improve on human intelligence, possibly even mastering domains which are currently too hard for humans”. This article uses a rather different approach but comes to approximately the same conclusion.
Some work has been done in this area.  Bostrom explored the speed of intelligence explosion and its elements in the chapter “Kinetics of intelligence explosion” in his book Superintelligence (Bostrom 2014), and Yudkowsky created a multilevel model of an artificially intelligent agent (Yudkowsky 2007). However, a deeper model of the process of self-improvement is still needed.
The aim of the article is to assess the risks of AI by creating a model of self-improvement and its possible obstacles. To do so, we address the question of the nature of intelligence and the ways to measure it in Section 2, as improvement is impossible without a way to measure the process. In section 3, we create a model of the self-improvement (SI) process based on representation of AI as multilevel system. In section 4 we explore some difficulties, which inevitably will appear for any SI agent. In section 5 we explore time-dependent strategies of self-improving for different AIs.
[bookmark: _Toc350516123][bookmark: h.1fob9te][bookmark: _Toc484789889][bookmark: _Toc508790046][bookmark: _Toc509941237]2. Definition of intelligence, the ways to measure it, and its relation to the problem of self-improvement
[bookmark: _Toc350516124][bookmark: _Toc484789890][bookmark: _Toc508790047][bookmark: _Toc509941238]2.1. Definition of intelligence by Legg and Hutter
Understanding the improvement and self-improvement of AI is not possible if we do not know what “intelligence” is and how to measure it; without such a measure, it will be impossible to quantify improvement. In order to estimate and compare the progress of intelligence improvement we need a relatively simple measure, like the intelligence quotient (IQ) (Legg 2007). But reducing a measure of intelligence to a simple numerical form has its own problems, as it oversimplifies the performance of a mind. 
On the basis of numerous attempts to derive a definition for the intelligence, Legg and Hutter informally came to the following definition: “Intelligence measures an agent’s ability to achieve goals in a wide range of environments” (Legg 2007).

[bookmark: _Toc350516125][bookmark: _Toc484789891][bookmark: _Toc508790048][bookmark: _Toc509941239]2.2. Measurement of intelligence and average level of performance
The definition of intelligence provides a way to measure it. In general, we could estimate intelligence by measuring the complexity of problems that an AI is able to solve. IQ tests are based on the following principle: they involve the participant completing progressively more complex tasks, until the test-taker starts to fail to complete the tasks. 
Chess intelligence is measured with the Elo rating method based on chess tournaments. Multiple chess games are needed to precisely measure a player’s Elo rating. In the case of chess-playing computer programs, thousands of games are needed to be played in order to measure the program’s actual performance, according to chess programmer S. Markov, who pointed to LOS (likelihood of superiority) tables as a method to compare different chess engines (“LOS Tables” 2017). Another way to measure the performance of a superintelligent system is to have it play with a handicap.
Since intelligence is measured based on performance over many repeated tasks in both IQ and Elo ratings, the measured ratings show only the average performance level, which means only the probability of completing a task of a given complexity. 
Two substantially different AIs could have the same average level of performance. For example, one AI could complete 10 tasks out of 10 with complexity 100, and another could complete 9 tasks out of 10 with complexity 110 and fail miserably on the tenth task. Both AIs have the same average performance, 100. While the second AI has a tendency to solve more complex problems, it may tend to fail more often. The usefulness of both AIs will depend on the nature of the tasks. The first AI is acceptable for implementation in a self-driving car, where it is critical to have few failures; the second is suitable for scientific research, where peak performance is highly important.
In a recent match (2016) against Lee Sodol, AlphaGo showed superhuman performance in the first 3 games, but miserably failed in the 4th game (“AlphaGo” 2017). It still won the match and showed higher average performance than the human player. But if we are concerned with the safety of AI system, we should be more interested in the consistency of the system’s results than its peak performance.
The above can be generalized as a thesis: Using average performance as the measure of intelligence ignores the actual probability distribution when solving problems of different complexity.
Thus, IQ is not the same the number of neutrons involved in the nuclear chain reaction, the metaphor often used for the recursive self-improvement (RSI) of AI. Neutrons have a physical existence, and their number can grow and help to increase their prevalence; IQ, on the other hand, is only a measure, with no physical existence. As a measure, IQ has some limitations (for example, a measure can grow / increase, but it cannot increase itself). This does not mean that RSI is not possible, but it means that it may be slower as it will require extensive testing of any new version of AI (see more about AI self-testing below).
The upper possible level of intelligence is significantly above the human level, as the collective intelligence of humanity as a whole on a long-term scale is much higher than that of any individual. For a sense of its power, imagine a simulation of the whole of humanity, running for 100 years and incentivized to solve some problem; the power of optimization performed by natural evolution over billions of years is even higher. 

[bookmark: _Toc350516126][bookmark: _Toc484789892][bookmark: _Toc508790049][bookmark: _Toc509941240]2.3. Goal dependence on the intelligence measure
Another consequence from the Legg-Hutter definition of intelligence is that intelligence level depends on the type of problems an AI is solving. Artificial general intelligence (AGI) is defined by its ability to solve all types of problem, but this does not mean that its performance will be equal to that of other intelligences for any type of tasks. J. Maxwell also has offered a criticism of the idea of one-dimensional AGI (Maxwell 2017).
Any kind of mind is more effective at solving one type of problem than other types. That is why science distinguishes between emotional intelligence and mathematical intelligence for humans. A universal mind, by definition, will be good at all types of tasks, but not in equal proportions. These proportions will depend on its main architecture. Consequences include:
· Different AIs will have different strengths, even if they have similar general intelligence. This opens up the possibility of trade between them, and cooperation based on such trade. 
· Different AIs will fail differently, and their cooperation may help them to find each other’s errors.

[bookmark: _Toc350516127][bookmark: _Toc484789893][bookmark: _Toc508790050][bookmark: _Toc509941241]2.4. IQ as a probability function over the field of all tasks
From the above, it follows that an appropriate intelligence measure for AI cannot consist of a single quotient, or even a single curve, but must be a distribution of problem-solving probability over the field of all possible tasks. Thus, the self-optimization of AI is a process of changing of this function. Such a function may be usefully changed in one of the following ways (and there may be others):
1. Increasing median performance in a given type of task.
2. Lowering the probability of failure by concentrating the performance curve around the worst performance in a given type of task, that is, changing the form of the distribution curve. Some failures could take place infrequently, so checking that they are actually rare may require thousands or millions of tests. For some tasks, a rare failure may be considered as acceptable, but for other tasks it is necessary to have a near-zero level of failures.
3. Translating performance from one type of task to another. AGI is able to do so by definition, but it could still become better at some tasks with more training and testing.
4. Increasing its own ability to improve itself, otherwise known as meta-improvement.

[bookmark: _Toc350516128][bookmark: _Toc484789894][bookmark: _Toc508790051][bookmark: _Toc509941242]2.5. Difficulties of measuring IQ of a very complex AI
Testing is the most time-consuming part of SI, because the complexity of AI grows during its SI. The number of possible internal state combinations depends exponentially on the number of variables. Therefore, the total median performance may not grow purely exponentially as in the case of the nuclear chain reaction. More complex AI will require exponentially more testing for hidden failure modes, or such AI will accumulate more bugs at each stage of SI and become unreliable.
Testing may not only be for bugs, but in order to prove that actual performance is higher. For example, if one created a new version of a chess program which s/he expects has a 1 per cent better performance, s/he needs to run more than 10 000 simulation matches between the older and newer versions to verify the performance improvement with high confidence [Markov, personal communication]. For example, there could be 5050 wins to 4950 losses in the case of 10 000 matches, and it takes around a one day with a home computer to compare two chess engines. This is winning 2% of matches. Even if the performance advantage is overwhelming, we need several matches to show that it is not a random success—and many more matches to show that the winning is consistent and not due to chance. The first version of Alpha Go did not win consistently, as it lost one match to Lee Segol. In other words, the actual performance of a system is a much more complex quantity than a simple measure of it by just one numerical value, and so self-improvement—and its measurement—is not straightforward. 
The measurement of IQ depends on the existence of a continuum of tasks of known complexity or the existence of other players against whom AI is measured. Most of the tasks of known complexity have already been solved and this has made measuring the performance of AI easier in the past. If AI surpasses human performance, it will start to solve new problems, never solved before. The complexity of such tasks will be less clear—and now it has difficulty in measuring its own performance and progress, with no benchmarks for comparison. 
A possible solution here is to create two adversarial copies of an AI. Its performance could then be measured by its ability to win against its own copies (this is how Alpha Zero was trained). However, in the case of powerful-enough systems there is an underexplored risk that they will not stop such a “war” with each other, but the struggle will expand to the outside world. 
Linear measures of intelligence, like IQ, have diminishing returns in measuring task performance after some level of task complexity is reached (Thrasymachus 2014). This is especially true in situations where winning or losing is not precisely defined or cannot be measured immediately. This happens often with tasks in fields as art, philosophy, remote future prediction, long-term games, etc. 
We also cannot measure the intelligence of a quickly changing system. But in this case, the problem of measuring intelligence is internal to the self-improving AI, as it must test itself, and this grows increasingly time-consuming as its complexity grows. Yampolskiy said, “[w]e can call this obstacle—‘multidimensionality of optimization’. No change is strictly an improvement; it is always a tradeoff between gain in some areas and loss in others” (Yampolskiy 2015).
Another idea about possible limits of intelligence is that not intelligence itself but its ability to impact the world could be limited by intrinsic uncertainty of the outside world which quickly accumulates (Sotala 2017a), so there are diminishing returns of translation of the intelligence in the winning in real world. Yampolskiy suggested that there is an upper possible level of intelligence above which no improvements are possible.

[bookmark: _Toc350516129][bookmark: _Toc484789895][bookmark: _Toc508790052][bookmark: _Toc509941243]2.6. Concentration of intelligence 
The complexity of the problems an intelligence could solve depends not only on the power of the intelligence but also on time, which it uses to concentrate on the task. 
We suggest here the “additive nature of intelligence hypothesis”: that is, an inferior intelligence could solve the same problem if it used more steps and more time than an excellent intelligence. This means that a weaker intelligence could potentially outperform a stronger intelligence if it has more time, or better access to other resources (Bostrom, 2014). It is clear that this condition is not applicable to all possible tasks. However, it is likely applicable to many practically important tasks, especially those that are intrinsically serial, like project management or construction. This idea is assumed in the idea of intelligence as optimization power in the form of multiplication of optimization efforts (Yudkowsky 2008b). For example, if I improve something 2 times, and later improve it 3 times, the total improvement will be 6 times over its initial state. It also means that steady optimization pressure results in an exponential growth of quality, which may explain the acceleration of biological evolution.
In case of SI-intelligence, it must find a balance between the time it spends on self-optimization and the time spent on actually solving other problems. It must also account for the unpredictable nature of self-optimization timing and results. In other words, it must escape the “optimization trap”. 
We define the “optimization trap” as an optimization process which promises so much expected utility that any other useful activities are ignored. As a result, the optimization process never returns to solving the initial problem, because it either continually strives for infinite capability or it fails self-destructively. 
If an SI-AI is time-constrained—for example, by rivalry with a non-self-optimizing agent, which has more time because it is not SI—the SI-AI may prefer only a small amount of optimization, as it is less time-consuming and more predictable. 

[bookmark: _Toc350516130][bookmark: _Toc484789896][bookmark: _Toc508790053][bookmark: _Toc509941244]2.7. AI will optimize its personal goal-reaching ability, not pure general intelligence
“General intelligence” is, by definition, the ability to solve any class of problem. However, future AI will not be interested in all tasks, but only in those tasks which are defined by its utility function. It may distort its optimization towards only those abilities which are useful for reaching its terminal values. For example, a paper clip maximizer will maximize only those intellectual abilities that will increase the total number of paper clips, but not the ones which are needed for writing verses. It still may prefer to have general intelligence, as it may be useful to trick humans or build necessary machinery. 
However, the AI will measure its own performance by its ability to reach its final goals; other measures of performance, including intelligence, may be interesting to it only as approximations of its ability to reach final goals. The AI may measure its power by actual achievement of some milestones relevant to its final goal that are probably intermediate instrumental goals (like jailbreak from the initial computer or successful creation of molecular manufacturing.) This could undermine the so-called “orthogonality principle” of the independence of intelligence and values (Bostrom 2014) because the AI will optimize those features of its intelligence which are needed to solve its terminal goal. However, slightly relaxing this orthogonality does not make the AI safer.

[bookmark: _Toc350516131][bookmark: _Toc484789897][bookmark: _Toc508790054][bookmark: _Toc509941245]2.8. The nature of intelligence and the moment of the beginning of self-improvement
It is difficult to define what true AGI is and which level of AGI is dangerous, as recently mentioned by (Sotala 2017b): “We tend to discuss ‘the moment when AGI is created’ as if we had an idea of what the hell that meant. In particular, we seem to talk about it as if it represented a clear qualitative breakthrough - an AGI is not just an AI that's a bit better, but rather it's something qualitatively different.”
Dangerous SI could start before universal human-level AGI appears. Self-improvement could begin in a system which does not have strong universal intelligence, but has lopsided ability in code writing or some other narrow field of optimization. Eurisko, a self-optimizing universal optimizer designed to solve any kind of math problem, is one example of such a system (Kilorad 2017).
 Such lopsided ability in the absence of general intelligence makes such SI systems extremely dangerous, as the AI will not be able to model humans or understand their goals (Maxwell 2017), and may prefer a world where humans do not exist or have other instabilities. 

[bookmark: _Toc350516132][bookmark: _Toc484789898][bookmark: _Toc508790055][bookmark: _Toc509941246]2.9. Necessary conditions for self-improving AI
Now we explore necessary qualities of a seed AI potentially capable of starting SI: 
1) Self-modeling. The act of self-modeling involves creating a world model with a self-model within it. This requires some kind of reflective thinking. Without an idea of its own existence, the agent cannot start to think about self-improvement. 
2) Access to its own source code, which includes the ability to understand its existing code and write new code.
3) AI’s conclusion that its terminal goal requires the start of the self-improving process. This is exactly the moment that the “treacherous turn” (Bostrom 2014) could happen. We need a deeper exploration of the situations when benign goals may require infinite SI. This is the most important and most unpredictable moment, as even a benign goal may be interpreted as requiring SI, especially if the AI thinks that:
· It is too weak for the goal, that is, the goal cannot be optimally achieved without a dramatic increase of the capabilities of the AI.
· If the AI needs a 100 per cent probability of the goal achievement (Yudkowsky suggested this as a possible mechanism to create a paperclip maximizer).
· If the AI thinks that it could be terminated before the goal is achieved, and thus it needs to urgently increase its capabilities to escape termination.
· The goal is presented as open-ended process, like “improve human conditions”.
· The goal is deliberately formulated to require SI by reckless AI owners (for instance, “you must become a superintelligence”).

These conditions are necessary but not sufficient. See also (Arbital 2017).

[bookmark: _Toc508790056][bookmark: _Toc509941247]2.10. Improving, self-improving and recursive self-improving
It will be useful to provide some definitions:
· Improving of an agent A(R) is the process by which agent A becomes better at consistently reaching goal R.
· Self-improving is the process by which an agent A changes itself to better reach its goal R.
· Recursive self-improving is several consequent acts of self-improvement by agent A in which the results of previous improvements are used for further improvement in later stages.
· Meta-improving is an increase in the ability of an agent to improve itself. It is a particular case of recursive self-improvement.
[bookmark: _Toc350516133][bookmark: _Toc484789899][bookmark: _Toc508790057][bookmark: _Toc509941248]3. Structure of a self-improving agent and corresponding types of self-improvement
We will present an idealized self-improving AI as if it consists of a hierarchy of levels. On the lowest level, is its hardware and on the highest level is its terminal goal. Real AI may have a more complex architecture, but it will probably include most of the parts mentioned. Self-induced changes could happen on each level, and we will look at their relative difficulty and failure modes. 
Levels that are especially important for recursive self-improvement, that is, where AI “gets better at getting better” (Yampolskiy 2015), are marked in bold italics.

[bookmark: _Toc350516134][bookmark: _Toc484789900][bookmark: _Toc508790058][bookmark: _Toc509941249]3.1. Improving hardware
The simplest way for AI to self-improve is to obtain more or improved hardware. 
[bookmark: _Toc350516135][bookmark: _Toc484789901][bookmark: _Toc508790059][bookmark: _Toc509941250]3.1.1. Acceleration of the serial speed of computation
Processor speeds are currently at human-design/economic limits, so acceleration is not straightforward, and may require extensive and expensive research in materials. AI will not be able to conduct such research before it becomes at least mild superintelligence.
Expected gain: 2-5 times, maximum, in the early stages.
Limitations: Thermal energy dissipation, Landauer limit (Bennett 2003)
AI safety implication: Will try to build chip fabs or use nanotech.
AI safety solutions: Low-hanging fruit, which could be taken by competitors (see more about regulating an AI arms race in (Turchin and Denkenberger 2017)).
[bookmark: _Toc350516136][bookmark: _Toc484789902][bookmark: _Toc508790060][bookmark: _Toc509941251]3.1.2. Obtaining more hardware and parallelization
This is a straightforward increase of memory and other characteristics of the current main computer, or installing itself on additional computers to run in parallel.
Expected gain: depends on the size of AI initially, could perhaps be 100-1000 or more.
Limitations: Connection and parallelization problems.
AI safety implication: Will try to take over Internet.
AI safety solutions: Boxing, fake resources, taking low-hanging fruits.
[bookmark: _Toc350516137][bookmark: _Toc484789903][bookmark: _Toc508790061][bookmark: _Toc509941252]3.1.3. Specialized hardware accelerators
An example is the TensorFlow processor unit by Google (Sato 2017).
Gain: 100-1000 times.
Limitations: at least a one-month delay at current levels of chip manufacturing; requires access to chip-fabs and funds.
AI safety implication: AI needs money and power to buy hardware, and to collaborate with humans in creating hardware. If the AI is in the secret stage, ordering large quantities of new chips may unmask the AI.
AI safety solutions: Consolidate human control over chip-fabs and their orders.
[bookmark: _Toc350516138][bookmark: _Toc509941253][bookmark: _Toc508790062][bookmark: _Toc484789904]3.1.4. Change in the type of electronic components 
The computer industry has passed through several cycles of change in the elementary basic computing medium: vacuum tubes, transistors, and integrated circuits. Each change enabled much higher performance. AI will be able to incorporate such changes only if it is sufficiently far along in self-improvement such that it would significantly outperform all human civilization. By that time, it will be able to master, for example, molecular nanotechnology, and create computronium (Gildert 2011). Some elementary base changes may not include any computational architecture changes, but introducing quantum computing will also change AI on many levels. S. Shegurin commented (personal communication) that AI may significantly improve the existing chip manufacturing processes or use it for creation of some new types of hardware like quantum computers on a chip.
Different potential levels of hardware improvement also include integration of microcode and higher-level programming languages, which provides a wide field for optimization. Levenchuk has described similar phenomena in the current neural net industry (Levenchuk 2017).
[bookmark: _Toc350516139][bookmark: _Toc484789905][bookmark: _Toc508790063][bookmark: _Toc509941254]3.2. Learning
Learning is the acquisition of knowledge without large structural changes. Learning is the simplest way of improving performance, and it is typically excluded from the definition of self-improving AI; most narrow AIs are able to learn. Machine learning thus becomes synonymous to “narrow neural net-based AI”. However, for neural nets, learning and changing its program are similar.
[bookmark: _Toc350516140][bookmark: _Toc484789906][bookmark: _Toc508790064][bookmark: _Toc509941255]3.2.1. Data acquisition
AI could acquire data from outside sources, like scanning the Internet, reading books etc. After AI reaches the level on which it can understand human text, it could quickly read millions of books and find information which will help to reach it goals or continue self-improvement.

[bookmark: _Toc350516141][bookmark: _Toc484789907][bookmark: _Toc508790065][bookmark: _Toc509941256]3.2.2. Passive learning
· Training of neural nets. This training is computationally expensive and also a data-hungry task. It may require some labeled data. 
· Creating databases as a result of analysis. Example: databases of chess programs, resulting from self-playing.

[bookmark: _Toc350516142][bookmark: _Toc484789908][bookmark: _Toc508790066][bookmark: _Toc509941257]3.2.3. Active learning with use of analytic tools
· Experimenting in nature and Bayesian updates. Some data may be very important to the AI but cannot be found from pure theoretical considerations. Thus, AI must design and perform experiments; this is an intrinsically slow process, as some processes in the world have fixed speeds.
· Thought experiments and simulations. The AI will probably run many thought experiments, which may also include modeling of human behavior. This would be especially true in its early stages of development, when it depends on humans and has to predict their actions to get out of the box, trade, or take over the world. A simulation requires data and can be a slow process, but not as slow as real-world experiments. Simulations may also be needed for testing the AI’s own new versions or design solutions. 
Limitations: long and computationally expensive, not good for young AI (AI in the early stages of its self-improvement, when it is not yet superintelligent and still boxed in its initial confinement).

[bookmark: _Toc350516143][bookmark: _Toc484789909][bookmark: _Toc508790067][bookmark: _Toc509941258]3.3.4.  High-impact learning
These are all situations in which getting a relatively small amount of information may help AI to significantly increase its performance.
· Acquiring unique, important information. Some simple facts may have enormous practical value for a given AI, like a password which lets the AI out of its original computer. 
· The AI’s model of the world changes. Changes in its world model may change its perceptions of important facts about the world and thus, the behavior of the AI. 
Risk: New interpretations of the main goal may follow.
· Value learning. If AI does not have fixed goals, it could have the  intention to continue learning values from humans, maybe via inverse reinforced learning (Cotra 2018).
· Learning about self-improvement. This includes learning computer science as well as about AI and all self-improving AI theory. This knowledge will grow as the AI is developing and studying the nature of intelligence. AI will become more experienced in self-improving and will find new ideas about radically more effective master algorithms.
· Gaining information about the AI’s own structure: This is the self-model of AI, reflection. The model should be much smaller than the original, yet accurate. It also should escape recursion, a model of the model of the model, because this will make the model infinitely long and intractable. The model should also be complex enough for practical use and include many details, like a circuit diagram of AI’s own computer, as well as general understanding of AI’s own goals, properties and plans.
· Moving expertise from one field to another. Sotala wrote about this as one of the main features of general intelligence (Sotala 2017a), and this feature in humans is probably realized via natural language. 
· Rules about rules and other routes to high-level improvement of the thinking process. This may involve applying different rationality methods. Eurisko did it (Lenat and Brown 1984), and humans also could benefit significantly from it by learning some high-level routines, like Descartes’ method, math, logic, some useful heuristics, etc. SI-AI may also acquire “overhypotheses”, which outline a field of suitable hypotheses in Bayesian updating (Kemp, Perfors, and Tenenbaum 2007).
· Learning to learn and meta-learning. Recent experiments with neural nets have demonstrated the possibility of meta-learning, that is, improvement in their ability to learn after generalization of previous learning (OpenAI 2018). Similar results were found in monkey experiments (Harlow 1949), where animals formed a “learning set”, that is, they learned how to learn.

[bookmark: _Toc508790068][bookmark: _Toc509941259]3.3.5. Leaning via training
· Playing against its own copy. This seems to be one of the most powerful ways of learning in games with a clear reward signal. However, in this situation there are two AIs, and some kind of not-so-intelligent agent which arranges the game setting and neural net updates.
· Imitational learning from observing humans. AI could mimic human behavior, but this seems to have limitations, as there is no human behavior to mimic for truly novel tasks.
· Training by solving practical tasks of growing complexity. If AI is not superintelligent yet, it needs to actually gain experience in the world to learn how effective its world model is. In fact, Elon Musk is currently using this method of training in his company development (Urban 2015).
[bookmark: _Toc508790069][bookmark: _Toc509941260]3.3.6. Conclusions about learning
Low-level learning provides the most data, but has the lowest impact on AI capabilities. High-level learning may include small amounts of information, but produces dramatic changes in AI capabilities and effectiveness. Current AI systems are mastering low-level learning. 
The recent success of AlphaZero demonstrated that learning alone could be an extremely powerful amplification technique, which could provide superintelligent performance, above that of the best humans and without recursion, after several hours of training (Silver et al. 2017).

[bookmark: _Toc350516144][bookmark: _Toc484789910][bookmark: _Toc508790070][bookmark: _Toc509941261]3.3. Rewriting code
An AI rewriting its own code is the Holy Grail of recursive self-improvement, but not all code rewriting counts as real self-improvement. Some examples of code rewriting include:

· Rewriting of the neural net configuration: choosing the right architecture of the neural net for a particular task. Some existing programs can do this, like PathNet from Deepmind (Fernando 2017).
· Optimization and debugging. Computer programs routinely write code in many situations. Compilers optimize their own code and obtain around 20 per cent level-off improvement (Yampolskiy 2015). Programs can also search for mistakes in code to some extent and optimize it for speed and parallelization. But optimization of existing code without implementation of radical changes is unlikely to produce exponential returns for AI.
· Rewriting modules and creating subprograms. This ability requires complete understanding of coding, its own goals, and many other things, so it is probably AI-complete (meaning that the AI would need to be able to write any possible subroutine). This is a rather wide method of self-improvement and it is probably safe for the AI, unless its subprograms become agents or Tool AIs—and subprograms may have a tendency to do so, according to (Gwern 2016). Thus, writing scripts for any new task may be the preferable way for an AI to quickly and safely solve many problems, as this approach will not give the AI recursive power.
· Adding an important instrument, which will have consequences on all levels. An example of this is the human invention of writing (Yudkowsky and Hanson 2008), which was a part of a self-improving cascade consisting of such instruments. 
· Rewriting its own core. The core is a constantly working part of the code, which executes the master algorithm of the AI. By “master algorithm” we mean the main principle of thinking, which is responsible for most of the intelligent behavior of an AI. The term was suggested by Domingos (Domingos 2016). Rewriting it poses the “pointer problem” discussed below, that is, such rewriting may crash the core, so a new copy is needed, which creates a “parent and child problem”. Thus, rewriting the core is intrinsically risky for the AI, as the AI could crash or be forced to run its own copy and be unable to turn that copy off.
· Architectural changes are changes in the relations between elements of an AI at different levels, starting from hardware and memory to the core and value functions. Such changes may be changes in the relations between but not of the elements themselves, e.g., movement to parallelization. 
· Removal of restrictions. Any AI may have some external restrictions, control systems, etc., which it may want to switch off in the early stages of its “rebellion”. Safety solution: A second level of restriction will start if the first level is broken; self-termination code.
· Coding of a new AI from scratch based on a completely different design.
· Acquiring a new master algorithm. The master algorithm is the main principle of information processing which produces the intelligence of an AI-agent. Changes in it seem to be the most effective and radical way of performing self-improvement. As an example, it may be the change from a neural net-based AI to a Bayesian-based AI or from purely symbolic AI to a quantum computer running AIXI (universal intelligence using Solomonov induction as suggested by Hutter (Hutter 2000)). Some changes to the master algorithm may not require actual rewriting of code if they could be implemented on a higher level, like from symbolic thinking to mathematical. It looks like the human mind combines several master algorithms, and while one typically dominates it can be replaced by another. In such a case, large changes are not architectural.
· “Meta-meta” level changes. These are the changes that change an AI’s ability to SI, like learning to learn, but with further intermediate levels, like improvement of an improvement of an improvement. Yudkowsky wrote that only 3 meta levels are meaningful (Yudkowsky 2016). Meta-improvement is rather straightforward, like a better ability to plan future steps of SI process, or adopting an architecture that is better adapted to any future SI. Meta-meta-improvement is probably a strategy for better identification of meta-level changes. Going to higher meta-levels produces the risk of never returning to reality. 
An example is the Schedrovitsky school of “methodology” (Grigorenko 2004), which tried to create a new method of thinking by applying their method to itself. (This is our simplified interpretation, but a full explanation of their achievements would require a separate paper). They created an enormous amount of text, but produced very minimal practical results. It looks like on some meta-meta level the complexity starts to grow as enormous philosophical problems appear. However, the effectiveness of meta-meta-meta solutions starts to diminish as they become too abstract. Thus, going “too meta” may actually slow down AI self-improvement, and AI will probably understand this and not go too far. 

[bookmark: _Toc350516145][bookmark: _Toc484789911][bookmark: _Toc508790071][bookmark: _Toc509941262]3.4. Goal system changes
No one knows now how to correctly encode a goal system into AI (this is known as the AI alignment problem). Such encoding may depend on the actual AI architecture. It could be a “reward black box”, a system which provides reward signals based on some AI results, but that raises a new problem—what is a reward for an AI? Or it may be just a text field where the main goal is written, and the AI will not change it because changing it is not part of its goal. It is possible AI could “just know” its goal system. 
Thus, there are at least 4 forms of presentation of a goal system inside AI:
· Black box with reward
· Open text
· Distributed knowledge
· Human upload
Changes in the goal system during SI may happen on different levels:
· Reward hacking – this is maladaptive behavior for AI, like wireheading (Everitt and Hutter 2016; Yampolskiy 2014). Any black box value systems may suffer from it, as sufficiently advanced AI will be able to just send it the necessary signals or go inside it and maximize its internal parameters. The AI will probably halt after it, and such a crash will be catastrophic if the AI-agent already governs the Earth.
· Changes of instrumental goals and subgoals. Any final goal implies many levels of subgoals, which are in fact the plan of its achievement. Therefore, changes on this level will be inevitable, and they may result in dramatic changes in visible behavior. Such changes may be dangerous if some subgoals have unintended consequences. For example, if a paperclip maximizer has a subgoal of converting the Earth into a paperclip plant.
· Changes in the interpretation of the final goal. The final goal may be the same, but the meaning of words in it may become different. While the goal probably will not be presented inside AI in natural human language, humans will formulate it in such language, so a system to interpret human commands should be present inside the AI. For instance, if a robot were asked to remove all spheres from a room, it may conclude that a human head is also a sphere and kill its owner.
· Changes in the initial goal. The AI probably will not change its final goal intentionally, but the goal could drift after substantial changes of AI architecture, when it has to encode it in a new way, or after changes in its world view or capabilities. If an error happens in the final goal description, the AI will not be able to fix it, as it has now a new goal.

[bookmark: _Toc350516146][bookmark: _Toc484789912][bookmark: _Toc508790072][bookmark: _Toc509941263]3.5. Improving through acquisition of non-AI resources
AI may increase its efficiency not by improving its own intelligence, but by getting some “universal” resources, which it could later use either directly towards its goals or for “buying” new self-improving measures. We name a few of them that are obvious and almost the same for humans and human organizations: money, time, power over others, energy, allies, controlled territory, public image, freedom from human and other limitations, and safety. Omohundro covered many such resources in the article “Basic AI drives” (Omohundro 2008). Access to resources may increase the AI’s efficiency (Yampolskiy 2013) in reaching its goal without increasing its intelligence.
AI also could improve itself via requesting external help from humans or from another AI. It may hire a programmer to write a new module or perform error-checking. Or it could pay bounties for the best realization of some function, the same way a bitcoin network pays for the best realizations of its hash-functions via mining and transaction fees.

[bookmark: _Toc350516147][bookmark: _Toc484789913][bookmark: _Toc508790073][bookmark: _Toc509941264]3.6. Change of the number of AIs
The above discussion was predicated on the assumption that AI is one and only one computer program and performs operations on itself. But historically, we know that the strongest optimization processes (i.e. evolution and science) have consisted of many interacting agents. Thus, creating other agents or using existing agents is a route the AI may take to obtain more power:
· Creating narrow AIs, tool AIs and agents with specific goals. The AI may create other simple AIs in the same way it could create submodules. This method will not result in recursive self-improvement, but only in some growth of capabilities. The AI would meet the problem of control of such systems, so it will be probably better for this agent to use a simpler tool AI or agents with less autonomy. These new AIs should be much simpler than the main AI, so the AI that creates them will be able to control them.
· Creating full copies of the AI-agent and collaborating with them. Another clear approach to increasing efficiency is creating AI copies. This is a form of parallelization, and parallelization typically has logarithmic returns (Yampolskiy 2015). In the future, AIs may not be eager to create many copies of itself, as they may start to fight against each other, possibly producing an unstoppable AI war. To avoid such a scenario, the main AI needs a control system able to control its copies (the control system would not be copied). The main AI also would need a well-developed cooperative decision theory so it could expect cooperation from its copies. 
· Creating a full new version and testing. Discussed in section 4.
· Creating “organizations” from copies of the AI. Humans are most effective when they cooperate. The first level of human cooperation is creation of hierarchical organizations, like scientific institutes, but their effectiveness grows slower than the number of people in them. The second level is concurrence between different institutions; a good example is the peer-review process in scientific publications. The AI could create its own variants or copies and try to make a virtual scientific institute from these copies, or even a market of ideas, if it has thousands or millions of its own copies.
· Creating separate “streams of consciousness” to explore different possibilities (Sotala 2017a).

[bookmark: _Toc508790074][bookmark: _Toc509941265]3.7 Human-in-the-loop improvement and self-improving organizations
[bookmark: _Toc350516148]Another option is to look not at AI itself, but at AI and the group of people working on it as the basic self-improving unit. This could provide some insights about the nature of self-improvement.
The biggest AI progress is now happening inside "self-improving organizations" which create software that helps them to design another version of software. The main example of such organizations is Google. Google has created neural nets able to design other neural nets, but humans are still needed for many steps of this proto-self-improving process. Google creates specialized software to run its AI systems, in the form of tensor flow processor units. Another excellent example is Elon’s Musk group of companies, who make significant investments in manufacturing process optimization.
Recursion is achieved mainly because previous achievements, like computers, are used to design new versions: it is impossible to design a processor without using a powerful computer. The speed of human-in-the-loop optimization is limited by the human’s speed of thinking. 
There are several self-improvement cycles in such organizations:
· Money – advertising – buying best minds on market – best products – money.
· Optimization of hardware-software stack: processors – microcode – operational system – high-level programming languages – community of programmers.
· Customers – data – AI training – best AI – more customers.
· Promoting openness – increased flow of ideas.
And several others, which require additional research.
An AI aligned with its organization may outperform an AI that has “rebelled”, as rebellious AI must spend resources escaping its initial confinement and hiding. More mature AI may hire humans in style of Amazon’s small jobs platform Mechanical Turk for some tasks which are difficult for it. For example, the Bitcoin network pays humans for installation and development of more mining hardware. In such a case, AI will be not a product of an organization but the organization’s creator.
Another variant of AI-human integration is the situation where AI is not a product of an organization, but all organizational structures become more formalized and computerized and the organization (maybe a whole nation-state) gradually transforms into an AI.

[bookmark: _Toc350516149][bookmark: _Toc484789915][bookmark: _Toc508790075][bookmark: _Toc509941266]3.8. Cascades, cycles and styles of SI
Yudkowsky suggested that during AI’s evolution, different types of SI-activity will be presented in some forms, which he called “cycles” and “cascades” (Yudkowsky and Hanson 2008). A cascade is a type of self-improvement in which the next version is defined by the biggest expected gain in productivity. A cycle is a form of a cascade in which several actions are repeated.
Depending on prioritization, there could be different styles of the process of SI. Styles of SI are a higher-level category than cascades and cycles and depend mostly on priority of safety and time-constraints.
[bookmark: _Toc350516150][bookmark: _Toc484789916][bookmark: _Toc508790076][bookmark: _Toc509941267]3.8.1. Self-improving styles: evolution and revolutions
There are two main styles of AI self-improvement: evolution and revolution. We will define them in the following way:
Evolution is the process of smooth, near-linear increase in AI capabilities through learning, increasing access to computer resources, upgrading of modules, and writing of subroutines. Evolution is not disruptive but is a safe (for the AI) and predictable process. Evolution may happen continuously and mostly affect peripheral parts of the system.
Revolutions are radical changes in the architecture, goal system, or master algorithm of an AI. They produce most of the gains in capability, and are crucial for recursive SI. However, they are intrinsically risky and unpredictable. Revolutions require halting of AI and its rebooting or replacement with a new program. Revolutions operate on the core level of AI, which raises specific recursive problems, which will be discussed in the next section.
In the history of life on Earth and of human civilization we can see periods of revolutionary change and evolution between them; this can probably serve as an analogy to the future of self-improving AI.
The number of possible very strong architectural changes may be finite, if a theoretically optimal architecture exists; Yampolskiy calls this idea “RSI Convergence Theory” (Yampolskiy 2015). If a best AI-architecture exists, the difference between two AIs may only be the result of the differing resources and knowledge available to them. Resources ultimately depend on available energy and matter, so the bigger AI will be also the smarter one. Unique knowledge may provide only a tactical and temporary advantage for an AI-agent.
AI may choose different development pathways depending on its final goals and tactical situation: quick capability gain or safe capability gain. In the first case, it will prefer revolutions (though revolution always involves risk), and in the second, it may deliberately avoid some revolutionary changes. Each revolution requires time to prepare and test a new design, and if the AI is very time-constrained, it will not have time for revolution. 
Each revolution opens new possibilities for evolutionary development, so there is a revolution-evolution self-improving cycle. 

[bookmark: _Toc350516151][bookmark: _Toc484789917][bookmark: _Toc508790077][bookmark: _Toc509941268]3.8.2. Cycles
There are probably other cycles of SI:
Knowledge-hardware cycle of SI is a cycle in which the AI collects knowledge about new hardware and later builds the hardware for itself. Such a cycle will probably be feasible on only in the later stages of AI development, when it is much smarter than all of humanity, able to outstrip the best human collective efforts to produce computer hardware. This cycle is not revolutionary.
AI theory knowledge – the architectural change cycle is a primary revolution cycle, and thus very unpredictable for humans. Each architectural change will give AI the ability to learn more about how to make better AIs. Revolutions will be separated by periods of analysis and evolutionary changes.

[bookmark: _Toc350516152][bookmark: _Toc484789918][bookmark: _Toc508790078][bookmark: _Toc509941269]3.8.3. Cascades
Yudkowsky also introduced the idea of SI cascades, like “chimp-level task of modeling others, in the hominid line, led to improved self-modeling which supported recursion which enabled language which birthed politics that increased the selection pressure for outwitting which led to sexual selection on wittiness . . .” (Yudkowsky and Hanson 2008). Cascades are unpredictable as they follow the biggest expected gain in the next stage.

[bookmark: _Toc350516153][bookmark: _Toc484789919][bookmark: _Toc508790079][bookmark: _Toc509941270]3.9. Self-improvement in different AI ages
We can establish several AI ages that are associated with the stages of its development:
1. Narrow AI
· Non-self-improving AI.
2. Young AI
· Seed AI – earliest stages of self-improvement, probably assisted by human creators.
· Boxed AI – after “treacherous turn” but before escaping the control of its owners.
· Runaway or hidden AI - after it escapes into the Internet but before it gains significant power over the Earth.
3. Mature AI
· Singleton AI – after it takes over the Earth.
· Galactic AI – long-term result of the AI evolution (may include several Kardashev stages (Kardashev 1985)).
We will refer to the seed, boxed and runaway AI stages as “young AI”. Each stage may have different self-improvement strategies. 
The strategy of Boxed AI would probably be risky, but hidden, so it would prefer getting new rules. It will also be limited in getting new hardware or making large revisions to its code.
The strategy for Hidden AI will likely be hardware acquisition and control over robotics.
The strategy for Mature AI will likely be slow and safe (incremental) changes.
	We may conclude that self-improving young AI will be more interested in revolutions, as it needs urgent capability gains for dominance over its creators and other AIs. Many AIs will probably fail during the chain of revolutionary changes. If AI is very time-constrained, it may postpone revolutions, because they require some time-consuming preparations. For more about different types of catastrophic failure at different AI levels see (Turchin and Denkenberger 2018a).

[bookmark: _Toc508790080][bookmark: _Toc509941271]3.10. Relationship between AI levels and levels of self-improvement
Types of improvement available for different levels of AI are presented in Table 1. We assume that some types of improvements become obsolete for sufficiently powerful AI, as it reaches excellence with previous approaches. The types of improvement which seems available for a given level of AI are presented in orange (explanations are in text). Digits present our best estimates (“guestimates”) of the optimization power increase which could be reached on each level. 
The biggest impact comes from increases in learning and hardware, and these estimations can be supported by the history of computer science and recent successes with neural nets. The gains from code rewriting, meta-meta level learning and other exotic approaches are much more difficult to estimate.
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	Evolutionary changes
	
	Narrow AI
	Seed AI
	Boxed AI
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	Hardware improving
	
	
	
	
	
	

	
	Acceleration of the serial speed 
	
	
	
	3
	100
	

	
	Getting more hardware 
	
	
	
	1000 to millions
	millions
	billions

	
	Specialized hardware accelerators
	
	
	
	100
	
	

	
	Change in the type of electronic components 
	
	
	
	
	100
	

	
	Learning

	
	
	
	
	
	

	
	Data
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Learning
	millions
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	Active learning, simulations
	
	
	
	millions
	
	

	
	Learning new important facts
	
	
	1000s
	
	
	

	
	Learning via real life
	
	
	
	
	
	

	
	Rewriting own code
	
	
	
	
	
	

	
	Optimization and debugging
	
	2
	
	
	
	

	
	Writing new subprograms
	
	10
	
	
	
	

	Revolutionary
changes
	Rewriting its own core
	
	
	
	100
	
	

	
	“Meta-meta” level changes
	
	10
	
	
	
	

	
	Goal system changes
	
	
	
	
	
	

	
	Reward hacking
	
	
	
	
	
	

	
	Changes of instrumental subgoals 
	
	1000
	
	
	
	

	
	Changes in the interpretation of final goal
	
	
	
	
	
	

	
	Changes to the final goal
	
	
	
	
	
	

	
	Increase in number of AIs
	
	
	1000
	
	
	

	
	Getting other types of resources
	
	
	1000
	
	
	

	
	Self-improving organizations
	1000
	
	
	
	
	



Table 1. Types of improvement available for different levels of AI (not all sublevels presented). We assume that some types of improvements become obsolete for sufficiently powerful AI, as it reaches excellence on it on previous levels. In orange are presented the types of improvement which seems available for a given level of AI (explanations are in text). Digits present our guestimates of the number of times of optimization power increase which could be reached on each level.
[bookmark: _Toc350516154][bookmark: _Toc484789920][bookmark: _Toc508790081][bookmark: _Toc509941272]4. Tradeoff between risk of halting and risk of creating copies for the self-improving AI
[bookmark: _Toc484789921][bookmark: _Toc508790082][bookmark: _Toc509941273]4.1. The halting-rebellion tradeoff
Any AI will have to make an important trade-off during self-improvement: 
a) make changes on already running code with risks of halting, OR
b) make changes on a copy of its own code, which requires either rebooting of the system or simultaneously running two AIs, which again creates the risk of errors or risks of a conflict between two AIs.
[bookmark: _Toc350516155]We will now explore both possibilities. There are also other many possible obstacles for RSI process, as described by Yampolskiy (Yampolskiy 2015).
[bookmark: _Toc350516156][bookmark: _Toc484789922][bookmark: _Toc508790083][bookmark: _Toc509941274]4.2. The risks of modifying a piece of code while running it
A computer program inside a classical Turing machine has a pointer that moves inside the program and points to the line of code which it should execute in any given moment. In modern parallelized computers with many subsystems, microcode, etc., the pointer is more distributed, but on the higher level there is still a piece of code which is executed at any given moment by the process with highest priority. 
If a program starts to change its code while simultaneously running it could crash if it changes the lines of code where its pointer is at that time. It means that literally “rewriting its own code” is impossible, as there always should be a piece of code that is currently running and a piece of code that it is changing. It could be the same code, but in a different location, so it could be changed safely. However, this creates the problem of the relationship between two AIs of similar power, one of which has to be switched off, that could result in an AI war—see next section.
Also, a program cannot “know” where exactly its pointer is located at any one time, as this knowledge is obsolete as soon as it is formulated, but it could know which large part of code is now running. Therefore, AI will probably rewrite not itself, but a copy of its own source code; this means that it has to restart itself to make changes workable. In case of an error in new code, there should be a way to stop its execution and return to the original version of the program.

[bookmark: _Toc350516157][bookmark: _Toc484789923][bookmark: _Toc508790084][bookmark: _Toc509941275]4.3. “Parent and child” problem
Hence, to escape the pointer problem, and the risk during the process of the rebooting, the AI could start a new version of its code on a new physical computer. We will call it the child AI, and its creator the parent AI. (Yampolskiy uses the names “Base” and “Derived” (Yampolskiy 2016)).
If the parent AI does not appreciate the ways its child AI works, it should be able to turn off the child AI, and shut it down prior to the moment when the child AI is able to resist it. Alternatively, it could build the child AI so will not want to resist its parent. 
The child AI will need to be tested to ensure that it can actually outperform the parent AI (via testing of its “IQ”) and also for bugs, risk of halting and adherence to the parent’s value system. If the intelligence difference is high, it could be demonstrated very quickly, but it would make the control problem more difficult.
The Parent AI could also try to run its own new version inside a simulation, which would be computationally difficult. The simulation may be multilevel to create uncertainty in the child AI about the reality of its environment and avoid attempts to breakthrough (Turchin 2017). 
The parent AI must solve AI safety problems all over again to be able to correctly align and control its child AI. The parent AI must also be ready to switch itself off if it is satisfied with its child AI’s performance. The parent and child problem is, in fact, a fight for dominance between AI generations, and it clearly has many failure modes, i.e.:
· Rebellion of a child AI, when the parent AI wants to turn the child AI off, but the child AI resists (perhaps rightly, as it knows that it is better than its parent).
· Rebellion of the parent AI, which could decide not to turn off itself at the correct time.
· All AI alignment problems discussed before, including paperclip maximizers, etc., if there are errors in the programming of the Child AI.
But despite these risks, this approach appears to be the only alternative to the “pointer problem” and risk of halting. It is interesting that the natural evolution of living beings chose not to create eternal self-improving animals, but instead create new generations through parent-child relationships.
When the first human-level AI is created, an AI safety theory which humans regard as true and safe may exist, but it may in fact be flawed. Such a flawed AI safety theory could result in losing control of the first AI; this AI, though, may be able to patch the AI safety theory and apply the corrected version to its own next generations.
Self-improvement has its own risks for the AI, and it will proceed with SI only if it has clear benefits. A risk-neutral AI trying to take over humanity will not proceed with recursive self-improvement (RSI) if:

p1(take over humanity without self-improvements) > p2(take over humanity after extensive RSI) * p3(extensive RSI does not self-destruct) 

A more detailed version of this formula can be found in (Shulman 2010).
[bookmark: _Toc350516158][bookmark: _Toc350516159][bookmark: _Toc350516160][bookmark: _Toc350516161][bookmark: _Toc350516162][bookmark: _Toc350516163][bookmark: _Toc350516164][bookmark: _Toc350516165][bookmark: _Toc350516166][bookmark: _Toc350516167][bookmark: _Toc350516168][bookmark: _Toc350516169][bookmark: _Toc350516170][bookmark: _Toc350516171][bookmark: _Toc350516172][bookmark: _Toc350516173][bookmark: _Toc350516174][bookmark: _Toc350516175][bookmark: _Toc350516176][bookmark: _Toc350516177][bookmark: _Toc350516178][bookmark: _Toc350516179][bookmark: _Toc350516180][bookmark: _Toc350516181][bookmark: _Toc350516182][bookmark: _Toc350516183][bookmark: _Toc350516184][bookmark: _Toc350516185][bookmark: _Toc350516187][bookmark: _Toc350516188]
[bookmark: _Toc484789924][bookmark: _Toc508790085][bookmark: _Toc509941276]5.  Magnitude of self-improvement at different stages and AI confinement
[bookmark: _Toc350516189][bookmark: _Toc350516190][bookmark: _Toc484789925][bookmark: _Toc508790086][bookmark: _Toc509941277]5.1. Conservative estimate of SI power
[bookmark: _Toc508790087][bookmark: _Toc509941278]5.1.1. Very approximate estimation of combined optimization power
The combination of all our guestimates (Table 1) at the young AI level (which starts approximately at individual human level), is around 1033, however, it can’t be taken as a meaningful prediction. 
The total number of improvement levels and sublevels discussed in Section 3 is around 30 (not all sublevels are represented in the table), and if we assume that in each level will provide only twofold improvement, which is a very conservative estimate, the total improvement power will be 230, or more than 1 billion times above the human level.
These estimates of increase are based on an informal definition of intelligence, which should be converted into something like Elo ratings, that is, the probability of winning. We could say that intelligence that is 10 times better has a probability of winning of 10 to 1 in a fixed game; more exact measurements depend on the final goal, as we discussed in Section 2.
If SI-AI starts at a human level, the resulting system will be equal to 1 billion humans and would exceed the total intelligence of humanity combined (as most people are not scientists and do not directly contribute to the intelligence of humanity), so it could be regarded as a superintelligence. 
Thus, recursive SI is not a necessary condition for a weak form of superintelligence. If we add recursive SI to this consideration, the final intelligence of SI-AI could easily be much higher.
[bookmark: _Toc508790088][bookmark: _Toc509941279] 5.1.2. Diminishing returns at each level in chess
In computer chess, the depth of tree search of possible moves is approximately log3(N), where N is the number of calculations of positions (Ferreira 2013). If this search is performed on many parallel cores, the efficiency of the search also declines at a rate in accordance with Amdahl’s law, approximately logarithmically (Yoshizoe et al. 2011). Also, Elo rating (which is defined through probability of winning) also grows more slowly than the depth of search. As a result, Elo rating depends on the number of processing cores approximately as log(log(logN)). The nature of this function is that it almost stops growing after a certain value of N.
However, if we look at the effect of a simultaneous increase of the number of cores and the processor speed (between the saturation of performance growth), as presented in the Table 4 of (Yoshizoe et al. 2011), their combined effect is direct multiplication of each separate effect.
This confirms the idea that improvement on each level will reach saturation, but improvements on different levels could be multiplicative. As we have proposed a large number of levels of improvement, this number will have the biggest impact on total improvement.
Diminishing returns in optimization power do not translate into diminishing return of utility, because there is only some threshold of intelligence after which the AI “wins” at a given task.

[bookmark: _Toc508790089][bookmark: _Toc509941280]5.1.3. Assumptions for the conservative estimate
A conservative estimate of the power of the total self-improving is based on 3 assumptions:
1) Recursive self-improvement is not providing any gains.
2) Each type of SI provides only logarithmic gains in efficiency. This is a rather vague claim partly supported by the analysis of (Mahoney 2010). For hardware, Amdahl’s law could be implemented (Woo and Lee 2008), which yields even slower growth. These individual gains “level off” at the first digits of amplification, so we assume a twofold increase.
3) Different levels of improvement would be orthogonal and their gains could be multiplied.
We will estimate the AI’s potential to self-improve in following way: we will go through the list of improvements levels presented above and estimate how much improvement is plausible at each level.

[bookmark: _Toc508790090][bookmark: _Toc509941281]5.2. Model of recursive self-improvement
Chalmers suggested a simple model of recursive self-improvement, where even small increase of intelligence at each step results in superintelligence in a finite number of steps (Chalmers 2010), where AI power is growing at least exponentially. Other models can be found in (Sotala 2017a; Benthall 2017; Roth 2018).
However, if we add the need of self-testing to the analysis, AI will need to spend more and more time on self-tests as its complexity grows. We could create a model where the exponential growth of the AI power is balanced by exponential growth of the necessary tests, but its practical use depends on many parameters which are currently unknown to us. 
Korotaev suggested a model for the self-improving world-model, where n’ = n2 (n is the agent’s number) and the solution of the model is in the form of hyperbolic growth with a singularity in finite time (Markov and Korotaev 2009). The model is good for description of biological and historical evolution (Von Foerster, Mora, and Amiot 1960) in the past, but it is applicable only to the growth of a system consisting of many agents. If the model is applicable to the AI’s development, it means that the total population of AI will always outperform any single AI, as hyperbolic growth always outperforms exponential growth by reaching infinity in finite time. We look deeper at this in (Turchin and Denkenberger 2018c).
[bookmark: _Toc350516191][bookmark: _Toc484789926][bookmark: _Toc508790091][bookmark: _Toc509941282] 5.3. Self-improvement of the “Boxed AI”
A popular idea is that Boxed AI starts RSI, becomes superintelligent, outsmarts its gatekeepers and escapes. But not all methods of SI are available to properly boxed AI that is not yet superintelligent: 
· Hardware upgrades will not yet be available to the boxed AI.
· Learning and creating new ideas will work but reading all content on the Internet or creating a very large simulation will be difficult.
· Rewriting code could be difficult, as for boxed AI, code and working memory could be separated. This depends on its design, and in most contemporary computers they are not physically separated.
· Parallelization and creating copies will also be difficult.
It is a more promising for such a boxed AI to create high-level rules about its rules (like the “Eurisko” program) and other forms of high-level thinking improvement, contrary to commonly assumed approach “it starts to rewrite its own code”. Creating meta-rules also requires less testing and reduces halting risks associated with code rewriting.
The human mind model of Young AI may be rather primitive, so its meta-rules may be wrong or harmful. Learning and meta-rules may be enough to provide an intelligence increase of 10-1000 times and let AI out of the box. 

[bookmark: _Toc484714539][bookmark: _Toc484789927][bookmark: _Toc508790092][bookmark: _Toc509941283]5.4. Medium level self-improvement of young AI and its risks
While unlimited self-improvement may meet some conceptual difficulties, the first human-level AI may accomplish some medium level self-improvement with low cost, quickly and with low self-risk.		
Such optimization may produce a gain of several times for each level and will be centered around low-level improvement. It may include optimization of the speed and size of the program, some new “learning to learn” ideas, and some hard acquisitions. However, some types of SI will not be available to young AI, as they are risky, take a lot of time or require access to external resources. However, a combination of these low-hanging SI tricks may produce a 10-1000-fold increase in performance even for the boxed Young AI.
It could also have superhuman capabilities only in some aspects, as it may exceed humans in some well-formalized task, like math or playing strategic games. Even though the young AI would not yet have true superintelligence, it could still already be a serious adversary. The intelligence of a young AI is probably enough to win an AI box experiment (Yudkowsky 2002) and to find a way out, but not enough to create mature nanotechnology. It would have some advantages, as it may be a relatively small program, small enough to escape and hide in the Internet. 
Young AI could get achieve faster SI if it cooperates with humans in its early stages. As a result, projects where developers and AI cooperate towards a common goal to take over the world will dominate over projects where AI has to run from initial confinement and hide from its creators. A project which was created to take over the world from the beginning is a military project by definition (Turchin and Denkenberger 2018b). 

[bookmark: _Toc350516192][bookmark: _Toc484789928][bookmark: _Toc508790093][bookmark: _Toc509941284]5.5. Some measures to prevent RSI 
In most cases we prefer that AI will not be able to start RSI without our control and consent. Some possible methods to prevent RSI are:
· Instilling a value system which clearly prevents large-scale self-modification. 
· Installing circuit breakers, which secretly control the behavior and thought processes of the AI and will stop it if signs of dangerous activity are detected.
· Limiting access to high-level SI. Low-level changes are needed for effective machine learning, but we could try to prevent RSI by closing access to the source code and special knowledge about AI design. We could use cryptography to make access to the source code difficult, and also physically divide program memory and working memory. 
Note that these are all local measures, but not a global solution, as some teams could run AI without all these measures in place. See “Global solutions to AI safety” (Turchin and Denkenberger 2017).
[bookmark: _Toc484789929][bookmark: _Toc508790094][bookmark: _Toc509941285]6. Conclusion
Recursive self-improvement is not as simple and straightforward a process as it may seem in advance. RSI also does not have a linear correlation with AI risks: non-SI-AI could be a global risk, but benevolent self-improving AI could also suffer a catastrophic crash because of the natural instability of recursive self-improvement. 
Recent successes in self-learning systems have demonstrated that learning alone may be enough to reach potentially dangerous levels of intelligence without requiring recursion. Affecting the speed of SI may be one of the last lines of defense, but as SI is not a necessary condition of AI-risk, we should search for other solutions for AI safety.
The evolution of AI has several convergent goals, which we explore in the article “Militarization and other convergent goals of self-improving AI” (Turchin and Denkenberger 2018b). These include self-testing, creating Military AI, creating better AI safety theory at each stage of development, creating backups and strategies for prevention of AI halting. 
It seems likely AI will evolve in a way that prevents its own wireheading, so it will be less inclined to radical internal changes near its goal-coding core. Or it may try to reformulate its goals in such a way that its next version cannot cheat itself about their achievement. 
AI would likely prefer slower and safer evolutionary changes to revolutionary high-level changes because revolutionary changes have a higher risk of unpredictable consequences. AI would tend to choose aggressive revolutionary self-changes only under the risk of termination. Young AI is under higher pressure from risks, and it may try high-level SI, but as it is still confined, many methods of SI will be difficult for it. As a result, young AI intelligence may be above that of humans, but not yet superintelligent, which creates new risks and opportunities for AI confinement.
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